Brain image segmentation into white matter, grey matter and cerebrospinal fluid is a very popular yet challenging area in medical image processing. The Fuzzy C-Means clustering algorithm is quite used because of its ability to ensure multiple member of pixels in several clusters. This is further appreciated when the spatial information of the data is considered, as such, the algorithm becomes much more robust to noise. However, pixels which form part of the non-overlapped tissues often come out inaccurate. To solve this problem, a spatial fuzzy algorithm fused with the Gaussian mixture model using the expectation maximization algorithm is presented in this paper. The proposed algorithm is a fusion of the Fuzzy C-Means and gaussian Mixture Model algorithms for segmenting tissues having multiple cluster memembership as well as single clustering. The results of the proposed algorithm are compared with the other classical algorithms against the manually segmented results of the input image. The estimated results of the proposed algorithm using the Dice and Jaccard similarity index indicates improved accuracy to the other algorithms.
INTRODUCTION
Magnetic Resonance Imaging (MRI) as non-invasive and most widely used medical imaging modality is paramount for accurate anatomical analysis of human's internal brain layers [1] - [3] . With Radio Frequency (RF) pulses generated in MRI, the subjects T1 and T2 weighted Magnetic Resonance (MR) images are acquired [4] . In brain imaging, this helps to view the underlying cerebrospinal fluid (CSF), white matter (WM) and grey matter (GM) of the subject [5] . It likewise aids medical specialist in making effective diagnosis and treatment planning of brain ailments [6] . Brain segmentation basically involves the partitioning or classification of the constituent tissues of the brain into certain cluster, where by each cluster contains pixels having similar features such as intensity value [7] . This plays a very crucial aspect in exercising profound medical research and clinical actions such as brain disorder detection, insightful surgical planning and corresponding treatments. Nonetheless, brain MR images have often been realized to contain certain amount of artifact emanating during the investigative procedure [8] . These bias field are commonly referred to as intensity inhomogeneity [9] . Also, the inter-twinning nature of the brain tissues precipitates into the challenges of partial volume effect, whereby, more than one brain tissue type appears in a voxel. In such cases, the loss of contrast between two adjacent tissues as a result of insufficient resolution advances into more than one tissue type occupying the same voxel. This makes brain image segmentation very difficult and often lead to inaccurate automatic brain image segmentation. While manual segmentation is by far more accurate, its high time consumption and dependability on human makes it a concern. Consequently, research on efficient automatic MR brain image segmentation remains quite challenging [10] .
In recent years, Gaussian mixture model (GMM), a statistical model of the finite mixture model have been widely used to achieve good brain segmentation results using the maximum likelihood classification [11] , [12] . Anyhow, GMM have a drawback of sensitivity to outliers [13] . The MR bias field effect invalidates the assumed stochastic assumption that intensities of specific tissues are sampled from an identical distribution. In solving this, the Markov random field (MRF) procedure have been implemented to include a spatial constraint on the image pixel [14] . This helps to reduce sensitivity to outliers. A constrained Gaussian mixture model which combines a spatial global intensity modelling was presented [15] , thus improving the algorithms sensitivity to noise but lacking in the bias field correction consideration. All the same, the existence of bias field disallows a single Gaussian distribution to be sufficient in describing the true distribution of the image's intensity [16] .
The Fuzzy C-Means (FCM) algorithm is another automatic clustering technique which has been widely accepted to segment brain tissue into white matter, grey matter and cerebrospinal fluid with high degree of efficiency, this is principally because of FCM's ability to classify pixels into varying cluster regions based on degree of membership [17] . Despite, FCM suffers from high sensitivity to noise and cluster centroid determination. A spatial function with neighborhood pixels was associated with classical FCM to eliminate the effect of noise [18] . A simplified FCM spatially constrained model with prior filtered image was introduced to replace the iterative computation of neighborhood function in the spatial FCM, this is to improve computational cost and as well handle noise effect [19] . Also, in a bid to improve the computational time of the spatial FCM algorithm, an enhanced fuzzy c-mean algorithm which involves the generation of a linearly weighted sum image from the input image and its neighborhood was investigated [20] . Likewise, the FCM objective function was modified with certain similarity features around the local grey level for the image segmentation and bias field computation [21] . Expectedly, the modified algorithms displayed better results than the standard FCM algorithm, notwithstanding, vast of them requires adjustment based on their precise application and as such are not generic in use.
In addition, several other unsupervised techniques such as region based segmentation, edge based segmentation, level set method, K-Means algorithm etc. have been investigated to improve the efficiency of computer assisted brain image segmentation [22] . In this paper, we present an improved segmentation algorithm by fusing the GMM algorithm with a spatially incorporated FCM method for the robustness of noise and accurate result. The remainder of this article is organized as follows: the background details of the related algorithms are reviewed in section II while the proposed model is presented in section III. Section IV illustrates the model's result as well as the algorithm discussion while section V depicts the concluding observation and summary.
819

BASIC CONCEPTS Standard FCM Algorithm
FCM algorithm is an automatic clustering technique which allows data sample to simultaneously belong to multiple clusters based on degree of membership ranging from 0 to 1 [23] . FCM classifies a set of N vector X i ; i = 1,….,N into C clusters by iteratively estimating the cluster centers via minimizing an objective function defined as [24] 

(1) where C is the number of clusters, m = 2; represents fuzziness function and µ ij is the degree of fuzziness of pixel X j in the i th cluster.
2) The cluster center C is then updated using:
Spatial FCM Algorithm
A spatial neighborhood function is incorporated into the standard FCM algorithm to increase its robustness to noise by directly modifying the objective function [25] , [26] . This is achieved by altering the cluster centroid with neighborhood membership weighting distribution. The spatial function is given as [27] :
where, NB(X j ) is the local neighborhood window centered on pixel X j . This spatial function is then utilized to update the fuzzy membership as:
where p and q serve as control parameters for membership and spatial functions.
GMM Algorithm
The pixel intensities in each region are modeled by a parametric probability density function represented as a mixed Gaussian distribution [28] . GMM method infers a probabilistic segmentation according to Bayes' theorem for estimating the image's mean and variance parameters. Also, the maximizing likelihood of the observed image is estimated using the Expectation-Maximization (EM) algorithm [29] [30] . The statistical probability distribution of the Gaussian mixture model is given as: 
where the distribution density is given as:
Then the log-likelihood function of the data is given as:
The parameters are then estimated by maximizing the likelihood iteratively using the Expectation-Maximization algorithm as:
PROPOSED SFCMGA SEGMENTATION ALGORITHM
Since the standard FCM have challenges in handling images with artifacts, incorporating the spatial neighborhood function makes it robust to such noise. This helps to make the algorithm much more accurate than the classical FCM algorithm. Also, the fuzziness of the FCM algorithm helps to segment tissues which are intertwined into as many clusters as possible based on degree of membership. However, because not all the tissues in the brain are completely overlapped, certain 821 pixels are assumed to belong to a single cluster. Such pixels are then identified using the GMM algorithm by means of their probability degree of belonging to a cluster. Figure 1 below depicts the framework of the proposed algorithm. Figure 1 . sFCMG algorithm framework.
Skull Stripping
To make brain image as accurate as possible, removing every non-brain tissue is necessary [31] . This is accomplished with the understanding that the skull forms an external circular layer round the CSF. The differences between the two layers' intensity values are estimated and a resulting threshold value is set [32] . Below the threshold value relating to the CSF tissues is set to be zero. Since the skull have a lesser intensity value compared to the CSF, the skull is represented as zero and an image void of skull is produced. The original input image of the algorithm and the skull stripped result are displayed in Figure 2 below. 
Image Denoising
The OTSU and wiener algorithms are implemented to obtain the brain tissues' threshold value and for removal of additive noise. This is achieved by means of 822 inverse filtering to eliminate blurring in the image. The Wiener algorithm minimizes the overall mean square error in Fourier's domain as [33] 2 ) are power spectra and additive noise of the original image respectively. Wiener filter has an inverse filtering and noise smoothing function which performs deconvolution by inverse filtering (highpass filtering) and also removes noise with a compression operation (lowpass filtering). Images of the skull stripped MRI before and after denoising and filtering are displayed in Figure 3 below. 
sFCMG Segmentation
First, both the sFCM and GMM are used to achieve segmentation of the input image. Then, pixels belonging to same cluster group in both the sFCM and GMM algorithms are allowed to maintain their segmented clusters. Such pixels having corresponding clusters from both algorithms are defined with cluster centers as:
where C k is the cluster center of pixels having same segmented clusters in both algorithms. P k denotes the GMM center for such k th cluster and n denotes the number of such pixels.
The pixels with contradicting clusters from the GMM and sFCM are then reprocessed by placing a threshold value on the pixel range. The Pixels which have been classified into varying clusters in both methods with probability intensity value less than 0.8 conforming to the GMM algorithm are allowed to maintain their segmented cluster resulting from the sFCM algorithm. However, the remaining pixels having varying cluster results in both algorithm with probability value ≥ 0.8 according to the GMM result are denied of their sFCM membership and as such retain their original singular clustering conforming to the GMM algorithm, this is outstanding because certain brain tissue pixels won't have multiple membership. Such pixels are considered to have high statistical probability in the GMM algorithm. Therefore, the reprocessing evaluation of pixels having different clusters from both algorithm is given as:
where P k represents pixels belonging to k th cluster, g k represents pixels classified into the GMM clusters and d k represents pixels classified into the sFCM clusters.
EXPERIMENT AND RESULTS
The original T1-weighted brain MR image used for this experiment is provided by Hua Xi hospital, Chengdu in 2016. In evaluating the efficiency of the proposed sFCMG algorithm, the segmented results are evaluated using the Dice Similarity Coefficient (DSC), Jaccard similarity (JS) and Accuracy ( 
where TP represents true positive, TN represents true negative, FP represents false positive and FN represents false negative as regards the pixels matching of the segmented result and the ground truth. These metrics estimates the sensitivity and specificity of the segmented result. Conjointly, the accuracy of the segmented result is computed as:
All the metric values are within the range from 0 to 1, with better result recorded as the value approaches 1. Comparing the results of the proposed method with the classic FCM, GMM and sFCM results, it is apparently vivid that sFCMGA yielded better results as shown in Figure 4 and TABLE I below.
In TABLE I above, the similarity and overlap values of the four algorithms; Fuzzy C-Means (FCM), K-Means, Spatial Fuzzy C-Means (sFCM) and the proposed spatial Fuzzy K-Means Algorithm (sFCMKA) are being depicted. From the values, it is noticed that the spatial FCMGA recorded much improved results from both the Dice and Jaccard measures as apparent in Figure 5 , especially in the white matter and grey matter tissues. This is reasonable due to (1), the noise effect handled by the sFCM; this depicts that noise was well eliminated with the help of the pixels neighborhood functions. (2) Because of the probabilistic threshold value that GMM introduces, nonoverlapping pixels are allowed to belong to a singular group which they rightly belong to.
From TABLE II above, the sFCMGA is noticed to have better accuracy of precisely which pixels are actually classified as CSF, WM and GM as compared to the other algorithms when varied against the ground truth. This simply illustrates that the sFCMG algorithm could correctly place pixels in their right cluster, much better than other methods. 
CONCLUSIONS
The MRI Brain tissue has been segmented using a fusion of spatial FCM and GMM algorithms in this paper. Though GMM have attracted considerable interest in brain image segmentation, the application of finite mixtures model to image segmentation presents some difficulties because each pixel in the image must be associated with exactly one class. This causes inaccuracy because brain tissues have intertwined layers making it possible to belong in multiple clusters. In the proposed technique, this was corrected by integrating fuzzy algorithm to allow such pixels multiple clustering based on degree of membership. From the experiment, it is realized that the proposed method resulted in much better segmentation efficiency when compared with the traditional FCM, GMM and spatial FCM algorithms. Future research includes comprehensive bias field estimation and validation scale having the bias field generated during its acquisition process unlike the manual segmentation which is presently used as validation gold standard. 
